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ABSTRACT
Owing to the degeneracy of the genetic code,
protein-coding regions of mRNA sequences can
harbour more than only amino acid information.
We search the mRNA sequences of 11 human
protein-coding genes for evolutionarily conserved
secondary structure elements using RNA-Decoder,
a comparative secondary structure prediction pro-
gram that is capable of explicitly taking the known
protein-coding context of the mRNA sequences into
account. We detect well-defined, conserved RNA
secondary structure elements in the coding regions
of the mRNA sequences and show that base-paired
codons strongly correlate with sparse codons. We
also investigate the role of repetitive elements in the
formation of secondary structure and explain the
use of alternate start codons in the caveolin-1
gene by a conserved secondary structure element
overlapping the nominal start codon. We discuss
the functional roles of our novel findings in regulat-
ing the gene expression on mRNA level. We also
investigate the role of secondary structure on the
correct splicing of the human CFTR gene. We study
the wild-type version of the pre-mRNA as well as 29
variants with synonymous mutations in exon 12. By
comparing our predicted secondary structures to
the experimentally determined splicing efficiencies,
we find with weak statistical significance that pre-
mRNAs with high-splicing efficiencies have different
predicted secondary structures than pre-mRNAs
with low-splicing efficiencies.
INTRODUCTION
Secondary structure can overlap protein-coding regions
Messenger RNAs (mRNAs) of eukaryotic genes are single-
stranded RNA molecules whose main function is to provide
information for protein synthesis. This is, most prominently,
achieved by encoding the linear sequence of the protein’s
amino acids in a contiguous stretch of the mRNA which is
ﬂanked by 50-untranslated region (50-UTR) and 30-UTR. In
this so-called protein-coding or coding region of the mRNA,
one nucleotide triplet or codon encodes one amino acid as
determined by the genetic code. The genetic code is universal,
i.e. the same for almost all organisms (but slightly different
fromthatusedinmitochondria),anddegenerate,i.e.oneamino
acidistypicallyencodedbymorethanonetypeofcodonwhich
tendtodifferintheirthirdcodonposition.Owingtothisdegen-
eracy of the genetic code, the protein-coding region of an
mRNA can thus comprise one or more overlapping layers of
information that need not alter the underlying encoded amino
acid sequence. The best known examples of extra information
include overlapping protein-coding regions on the same or the
antisense strand [not only in viral genomes (1), but also in
bacteria in higher, eukaryotic organisms (2–4)] and overlap-
ping RNA secondary structure. RNA secondary structure is
formed through hydrogen bonds between complementary
RNA nucleotides {G C, A U, G U}. These interactions
can bring distant, complementary sections of one RNA
molecule into close spacial proximity. In the following,
‘secondary structure’ refers to RNA secondary structure.
Functional roles of secondary structure
in gene expression
Gene expression on mRNA level is spatially and temporally
regulated through a variety of mechanisms (5,6), some of
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ture elements in 50-UTRs can select translation initiation
sites,caninﬂuencetranslationefﬁciencyandinhibittranslation
(7–9),andtheycanalsoauto-regulatemRNAdegradation(10).
Endonucleolytic cleavage near one of the iron-responsive ele-
mentsinthe30-UTRofthehumantransferrinreceptormRNAis
thought to be inﬂuenced by secondary structure (11). Artiﬁcial
secondary structure elements can slow exonucleolytic diges-
tion when inserted into the 30-UTRs of yeast mRNAs (12).
Proteins binding to secondary structure elements in the 50-
UTRs control the cellular response to biological signals
from iron, oxygen, NO and growth factors in animals [for
example, iron regulatory proteins binding iso-iron-
responsive elements in animals (13)]. Small metabolites bind-
ingtoriboswitchesinUTRsprovideaspeciﬁc,fastandprotein-
independent way of adjusting gene expression according to the
chemicalenvironmentinthecellbybringingaboutanallosteric
rearrangementoftheriboswitch’ssecondarystructure[see(14)
for an overview of riboswitches in eukaryotes and (15) for an
example of a ribozyme in bacteria that cleaves its mRNA upon
metabolite binding].
Sofar,functionalsecondarystructureinthecodingregionof
mRNAs has been found in Saccharomyces cerevisiae (16),
where several bud-localized mRNAs contain the same
secondary structure motif that is required by for protein-
binding and correct mRNA localization. The use of short sec-
ondary structures as zip codes for mRNA localization has also
been observed in Drosophila menalogaster (17), where these
elements have been found in 30-UTRs. As these elements typ-
ically show a low level of sequence conservation, but a high
level of secondary structure conservation and as their presence
in the coding regions of mRNAs has so far been thought to
automatically prevent mRNA translation (which need not be
thecase,asshowninthe exampleofS.cerevisiaeabove),many
structural zip codes, some of them may be in coding regions,
may have escaped the current analyses.
Functional secondary structure has also been found in the
coding regions of some viral genomes. Hepatitis C has a
linear, positive-sense RNA genome of  9600 bp length that
contains one long open reading frame (ORF) encoding a
poly-protein, which gives rise to nine proteins. One of the
evolutionarily conserved secondary structure elements in
the coding region (18) serves as a cis-acting replication ele-
ment (19). There are also functional secondary structure
elements in the UTRs: translation initiation depends on a
highly structured internal ribosomal entry site (IRES) in the
50-UTR (20) and a evolutionarily well-conserved stem–loop
structure in the 30-UTR is essential for virus replication
(21,22). Furthermore, there is experimental evidence that
long-range RNA–RNA interactions between parts of the
50-UTR and parts of the coding region modulates IRES-
dependent translation which may play a role in the regulation
of viral gene expression (23). Experimental and theoretical
studies of the avian inﬂuenza virus have shown that a second-
ary structure element in the coding region is related to the
acquisition of virulence (24,25).
Existing bioinformatics studies of secondary
structure in mRNAs
So far, there have been few bioinformatics studies that invest-
igate secondary structure in the mRNAs of eukaryotic genes.
Steffens and Digby (26) showed that the predicted minimum
free energy (mfe) secondary structures of51 mRNAsequences
from plant, animal and bacteria are on average slightly, yet
signiﬁcantly more negative than those of randomized version
of these mRNAs, for which codon choice is randomized
while the mononucleotide composition is preserved [37 out
of 51 native mRNAs (73%) have a lower mfe than their
randomized versions, resulting in a, on average, 6.6% lower
mfe, [ 10.0,  3.2]% being the 95% conﬁdence interval]. This
result was shortly afterwards challenged by Workman and
Krogh (27) who argue that dinucleotide rather than mononuc-
leotide composition should be preserved in the randomization
procedure when evaluating the signiﬁcance of secondary
structure. Investigating a similar set of 46 mRNAs, they
ﬁnd no statistical evidence that native mRNAs have on aver-
age lower predicted mfes than their randomized versions
which have the same dinucleotide composition [but which
do not preserve the encoded amino acid sequence as in Ref.
(26)]. A later study of a large set of bacterial mRNA sequences
(28) aimed to resolve this dispute by randomizing their
sequences by preserving both, AI-nucleotide composition as
well as the encoded amino acids (as well as codon usage).
They deﬁne each mRNA’s folding potential as the difference
between the average mfe of native mRNA-subsequences and
the average mfe of randomized versions of these mRNA-
subsequences (subsequences of 50 bp length, step size of
10 bp) and also deﬁne a local folding potential based on
the mfe difference of the real and the randomized sub-
sequences. They observe a small, but statistically signiﬁcant
bias towards subsequences with lower than randomly expected
mfe in the coding regions of many eubacteria.
Aims of our study
The aim of our study is to search for evolutionarily conserved
secondary structure elements in eukaryotic mRNAs. Our
method of choice is RNA-Decoder (29,30), a comparative
secondary structure prediction method that is capable of
detecting local and global secondary structure that has been
evolutionarily conserved and that takes the known protein
coding context of the coding mRNA regions explicitly into
account when predicting secondary structure. The latter fea-
ture was shown to be essential for being able to reliably detect
secondary structure in coding regions (30). As mRNAs do not
have time to assume the mfe conﬁguration within the living
cell and as they may be bound by the ribosome, proteins or
other RNA molecules, we do not expect the predicted
mfe structure to be the structure that is realized in the cell
and thus do not aim to predict it. In addition, the performance
of programs such as Mfold (31,32) and RNAfold (33) that
predict the mfe secondary structure is known to decrease
with increasing sequence length (34), and we expect it to
be fairly poor for sequences of typical mRNA length. By
searching for evolutionarily conserved secondary structure,
we aim to ﬁnd secondary structure elements that are likely
to play a functional role.
While analysing our set of mRNAs, Pagani et al. (35)
published an experimental study of the effect of synonymous
mutations on the splicing efﬁciency of exon 12 in the
human CFTR pre-mRNA. As the CFTR gene is one of the
genes in our dataset, we decided to extend our mRNA-
based analysis by an analysis of the CFTR gene on
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experimentallydeterminedsplicingefﬁcienciesofPaganietal.
can be explained by differences in the predicted secondary
structures.
MATERIALS AND METHODS
Dataset
Our dataset is derived from the multi-species dataset by
Thomas et al. (36). The genomic sequences which cover
37 species of several vertebrae from the fugu ﬁsh to the
human [Artibeus jamaicensis (Jamaican fruit-eating bat),
Dasypus novemcinctus (nine-banded armadillo), Papio anubis
(olive baboon), Felis catus (cat), Gallus gallus (chicken), Pan
troglodytes (chimpanzee), Bos taurus (cow), Carollia perspi-
cillata (Seba’s short-tailed bat), Canis familiaris (dog),
Sminthopsis macroura (stripe-faced dunnart), Callicebus
moloch (Dusky titi), Takifugu rubripes (Fugu ﬁsh), Otolemur
garnettii(small-earedgalago),Gorillagorillagorilla(lowland
gorilla), Atelerix albiventris (middle-African hedgehog),
Equus caballus (horse), Homo sapiens (human), Lemur
catta (ring-tailed lemur), Macaca mulatta (rhesus monkey),
Callithrix jacchus (white-tufted-ear marmoset), Monodelphis
domestica (grey short-tailed opossum), Microcebus murinus
(grey mouse lemur), Mus musculus (house mouse), Muntiacus
muntjak vaginalis (Indian Muntjac), Didelphis virginiana
(North American opossum), Pongo pygmaeus (orangutan),
Sus scrofa (pig), Ornithorhynchus anatinus (platypus), Oryc-
tolagus cuniculus (rabbit), Rattus norvegicus (Norway rat),
Ovis aries (sheep), Saimiri boliviensis boliviensis (Bolivian
squirrel monkey), Tetraodon nigroviridis (Pufferﬁsh),
Gopherus agassizii (desert tortoise), Cercopithecus aethiops
(African green monkey), Macropus eugenii (tammar wallaby),
Danio rerio (zebraﬁsh)]. These sequences are orthologous to a
1.8 Mb segment of the human chromosome 7q31.3, which
contains the gene that is mutated in cystic ﬁbrosis.
We cluster the protein-coding genes from all species into
11 groups according to their functional annotation: CAPZA2
gene (group 1), WNT2 gene (group 2), ST7a gene (group 3),
MET gene (group 4), GASZ gene (group 5), CAV1 gene
(group 6), ST7b gene (group 7), CAV2 gene (group 8), TES
gene (group 9), CORTBP2 gene (group 10) and CFTR gene
(group 11). Each group comprises between 14 and 28 different
speciesandiscalledtheGreendataset.Wedeﬁne anadditional
set of groups by retaining only the eutherian species. This
dataset is called the Green-e dataset. The resulting 11 groups
contain between 14 and 23 different species.
Sequence alignment
We generate an mRNA alignment foreach of the above groups
in a multi-step process: 50-UTRs, encoded amino acid
sequences and 30-UTRs are ﬁrst separately aligned with
CLUSTALW1.83 (37). The protein-coding mRNA is then
mapped onto the amino acid alignment. Finally, 50-UTR align-
ment, protein-coding alignment and 30-UTR alignment are
merged into the mRNA alignment. As the alignment of the
protein-coding mRNA regions is entirely based on the align-
ment of encoded amino acid sequences, gaps come in mul-
tiples of three and, more importantly, mis-alignments on RNA
level should be avoided.
Alignment randomization
ThemRNAalignmentsarerandomizedinordertotestwhether
any of the predicted secondary structure is likely to be real or
whether it can be attributed to a pattern that has arisen by
chance.
Each mRNA alignment is randomized in a multi-step pro-
cess: the 50-UTR, 30-UTR and protein-coding parts of the
alignment are randomized separately. The 50-UTRs and 30-
UTRs parts are randomized by permuting all columns and
by permuting all letters and gaps within each column. The
protein-coding part of the alignment is randomized only by
randomizing each triplet column that corresponds to a codon.
This is done by ﬁrst deriving the set of encoded amino acids
that are encoded in the triplet column and then by replacing
each non-gap codon randomly by any of the codons that cor-
respond to these amino acids. The number of gap codons in
each triplet columniskept ﬁxed, buttheir position inthe triplet
column is randomized. For example, if the original triplet
colum contains the codons CTG (26 times, amino acid L),
TAT (1 time, amino acid Y), CAT (1 time, amino acid H)
and --- (1 time);
codon position 1, CCCCCCCCCTCCCCCCCCCCCC-TCCC
codon position 2, TTTTTTTTTATTTTTTTTTTTT-TTTA
codon position 3, GGGGGGGGGTGGGGGGGGGGGG-GGGT
amino acid LLLLLLLLLYLLLLLLLLLLLL-LLLH
the codons for the randomized version of the triplet column
will be randomly chosen from the union of codon sets {CAC,
CAT} (amino acid H), {TTG, CTA, CTC, CTG, CTT, TTA}
(amino acid L) and {TAC,TAT} (amino acid Y), resulting, for
example, in
codon position 1 CCCCTCC-CTCCCCCCTTTTTCTCTCT
codon position 2 TATAATT-AAATTAATATTAATTATAA
codon position 3 CTTCCGG-CTTGCCCGTAGTCAACGCT
amino acid LHLHYLL-HYHLLHHLYLLYYLLHLHY
This randomization procedure keeps the set of encoded
amino acids unchanged, but changes the underlying codons
and their relative proportion. In particular, if there are base
pairs between the codon positions of two triplet columns, they
are likely to be destroyed in the randomization procedure. This
randomization procedure may alter the dinucleotide distribu-
tion in each sequence. However, as RNA-Decoder’s predic-
tions do not depend on the dinucleotide distribution of each
sequence (as it does not predict the mfe structure), but rather
on the evolutionary pattern in the alignment of sequences, the
dinucleotide distribution within each sequence does not have
to be conserved in the randomization process.
Structure prediction
RNA-Decoder (29,30) is used to detect evolutionarily
conserved secondary structure in the mRNA alignments.
RNA-Decoder is the ﬁrst and so far only prediction program
that comparatively predicts secondary structure by explicitly
taking the known protein-coding context of the input align-
ment into account. This is an important feature, as other com-
parative secondary structure prediction programs, such as
RNAalifold (38) and Pfold (39), have difﬁculty in detecting
conserved secondary structure in regions with two different
evolutionary constraints (30).
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that requires a minimum stem length of 3 rather than only 2
consecutive base-pairs, thereby lowering the amount of noise.
Each mRNA alignment is partitioned into 600 bp long
intervals using a step size of 200 bp. RNA-Decoder is
used to predict conserved secondary structure for each
sub-alignment. These individual predictions are then merged
into one prediction along the entire alignment.
Evaluating the correlation between secondary
structure and codon sparseness
We use the codon usage tables of http://www.kazusa.or.jp/
codon/ (Source: GenBank Release 146.0, March 28, 2005).
These tables provide information for 29 of the 37 species in
our dataset. We deﬁne the sparseness of a codon c as
sðcÞ :¼ nðaaðcÞÞfaðcÞ 1‚
where aa(c) is the amino acid encoded by codon c, n(a) is the
number of codons that encode amino acid a and fa(c) is the
relative frequency that amino acid a is encoded by codon c
[i.e.
P
{cjaa(c)¼a} fa(c) ¼ 1]. The sparseness value of a codon
measures the deviation of the measured codon frequency from
the frequency that would be expected if each codon would be
used with equal probability to encode its amino acid. The
sparseness value of a codon c, s(c), is negative, if its frequency
fa(c)i ss(c) · 100% lower than the expected frequency,
1/n(aa(c)), and positive, if is larger. It is contained in
[ 1, n   1]. For an example, a sparseness value of 0.2 for
codon TTG [amino acid L, n(L) ¼ 6], means that this codon is
20% more frequent than the expected average frequency of
1/n(L) ¼ 1/6.
We measure the average sparseness of codons whose
third codon position is predicted to be base-paired (c3-paired),
in two different ways by taking all mRNA alignments into
account:
  s s1
3-paired :¼
P
fc3-pairedg sðc3-pairedÞ
C
‚
where C ¼
P
fc3-pairedg 1 is the number of codons whose
third position is predicted to be base-paired, and
  s s2
3-paired :¼
P
fc3-pairedg sðc3-pairedÞ·nbpðc3-pairedÞ
N
‚
that is, giving each codon c a weight according to its
number of base-paired positions, nbp(c), and using N ¼ P
fc3-pairedg nbpðc3-pairedÞ.
The distribution of sparseness values s(c3-paired) cannot be
approximated by a normal distribution as is it not centred
around zero and not symmetric (see Figure 4), and it can
be shown that the expected value of this distribution is larger
than zero. We, therefore, perform a randomization test to
calculate P-values.
We ﬁrst compute the average sparseness for randomly
drawn codons in two ways:
  s s1
rand :¼
PN
i¼1 sðciÞ
N
and
  s s2
rand :¼
PC
i¼1 sðciÞmaxf1‚nbpðc3-pairedÞg
~ N N
‚
where ~ N N ¼
PC
i¼1 maxf1‚nbpðc3-pairedÞg and the codons ci are
randomly drawn from the pool of all codons in all alignments.
We then calculate the average sparseness values for
n ¼ 10000 sets of randomly drawn codons and compare
each average sparseness value   s si
rand to the respective real
sparseness value   s si
3-paired.I fni
pos denotes the number of
times that   s si
3-paired >  s si
rand, the P-value p
i ¼ n
i/n is the estima-
tion of the probability that the average sparseness value for
c3-paired codons is larger than the one for randomly chosen
codons.
RESULTS
Conserved, local secondary structure can be found
in the coding regions of eukaryotic mRNAs
We investigate the presence of evolutionarily conserved, local
secondarystructureinthemRNAsof11humanprotein-coding
genes contained in a 1.8 Mb segment of the human chromo-
some 7q31.3, which contains the gene that is mutated in cystic
ﬁbrosis, see Materials and Methods for a detailed description
of the dataset.
Each of the 11 genes is searched for conserved secondary
structures by analysing two different mRNA alignments
with RNA-Decoder, one alignment comprising only the ortho-
logous mRNA sequences from eutherian species (Green-e
alignment) and one alignment comprising all mRNA
sequences (Green alignment). Every alignment is generated
by separately aligning the 50-UTRs, 30-UTRs and protein-
coding regions, the latter by basing the alignment of
protein-coding mRNA sub-sequences on that of the encoded
amino acid sequences, see Materials and Methods for a more
detailed description. The mRNA alignments are typically
too long to be analysed in one go by RNA-Decoder.
We partition them into 600 bp wide segments and use a
step size of 200 bp. RNA-Decoder takes each segment as
ﬁxed input alignment and predicts the most probable second-
ary structure elements that are supported by the evolutionary
pattern and annotation of the alignment. The predictions for
the individual segments are merged into one prediction along
the entire mRNA alignment. Using this procedure, we can
detect local, conserved secondary structure that is contained
within at most 400 bp.
RNA-Decoder’s prediction algorithm explicitly takes the
known protein-coding regions of the input alignment into
account, by detecting and disentangling potential dual evolu-
tionarily constraints owing to overlapping amino acid and
secondary structure information. Refer to Materials and
Methods for a more detailed description of RNA-Decoder.
Local secondary structure is most abundant in 50-UTRs and
30-UTRs, but there also exist local secondary structure
elements in the protein-coding regions of the mRNAs. Sec-
ondarystructure elements cover on average 55%of the aligned
50-UTRs ([13%, 96%]), 45% of the aligned coding regions
([18%, 68%]) and 68% of the aligned 30-UTRs ([59%,
78%]). About one-third (33%) of the 50-UTR columns are
Nucleic Acids Research, 2005, Vol. 33, No. 19 6341on average base-paired, as opposed to 27% of the coding and
40% of the 30-UTR columns. Secondary structure elements in
50-UTRs are on average longer (49 bp) than those in 30-UTRs
(40 bp) and coding regions of the alignment (33 bp). Even
though the maximal length of secondary structure elements is
limited to 400 bp owing to the ﬁxed window size used to
analyse each mRNA alignment, most secondary structure ele-
ments span <100 bp, conﬁrming our initial expectation that
evolutionarily conserved and potentially functional secondary
structure should be local rather than global (see Figure 1).
We investigate how the predicted secondary structure
elements change if we randomize the mRNA alignments.
For the randomization, each mRNA alignment is partitioned
into 50-UTR, coding and 30-UTR region, which are random-
ized separately. The 50-UTR and 30-UTR regions are each
randomized by ﬁrst permuting all columns and then by per-
muting all letters and gaps within each column, whereas
the coding region is randomized by keeping the order of triplet
columns ﬁxed and by randomizing only within each triplet
column. The latter is performed by replacing every codon in
the triplet-column by a randomly picked codon from the set of
all codons that are encoded by any of the amino acids encoded
inthattriplet-column,see MaterialsandMethodsforadetailed
description.
This procedure serves two purposes. First, it is meant
to remove any codon bias, and, second, it is expected to des-
troy most of the base pairs between nucleotides of different
codons.
When comparing the length distributions for the original
and randomized mRNA alignments shown in Figure 1 we can
see that the randomization introduces short, spurious second-
ary structure elements spanning <25 bp. In the coding regions,
the excess of secondary structure elements spanning  50 bp
essentially disappears, similarly for structures in the 50-UTRs.
For 30-UTRs, the length distribution is also shifted towards
smaller structures, decreasing the amount of structures span-
ning 90–140 bp and increasing those spanning 50–90 bp.
Secondary structure is suppressed in parts
of the coding regions
As discussed above, the randomization procedure removes
almost all of the secondary structure elements in the coding
regions of the mRNA alignments, see for example the human
ST7b mRNA sequence in Figure 2. However, few, mostly
short novel secondary structure elements emerge in coding
regions that were previously devoid of secondary structure.
This can happen when the randomization procedure intro-
duces so-far suppressed codons that can base pair with
other randomly introduced and so far suppressed codons else-
where (see Figure 3 for an example). In these cases, new base
pairs typically emerge between codon positions 2–3 and 3–2.
This is the most likely scenario as at least some of the newly
introduced nucleotides in codon position 3 can pair with the
nucleotides in codon position 2 that are more conserved and
also less likely to be altered in the codon randomization
procedure.
Repeats often overlap secondary structure elements
The mRNA sequences of the human, house mouse, Norway
rat, chicken, cow, pig, cat, dog, fugu ﬁsh and zebraﬁsh were
searched for repeats using the Repeatmasker Web server (40)
(http://www.repeatmasker.org/) in a species-speciﬁc way. For
most alignments, the repeats are almost exclusively found in
the UTRs [CAPZA2, ST7a, MET, GASZ, CAV1, CAV2,
CFTR (100% of repeat columns in UTRs) and ST7b
(95.08%)]. However, for WNT2 (62.50% of repeat columns
in UTRs), TES (78.85%) and especially CARTBP2 (35.87%),
a sizeable fraction of the repeats overlaps the coding columns
of the alignment. In UTRs, repeats often overlap secondary
structure elements [from 34.15% (TES) to 100.00%
(CARTBP2), average acrossall11genes is58.69%].Incoding
regions, this strongly depends on the individual gene
[0% (WNT2, TES), 44.07% (CARTBP2) and 100.00%
Figure 1. Lengthdistributionsofsecondarystructureelements in mRNA.This
figure shows the length distributions of secondary structure elements in 30-
UTRs(opencircles),50-UTRs(closedcircles)andcodingregionsofthemRNA
alignments (open squares), for the original alignments (in black) and for the
randomizedalignments(in green).Thelength ofa secondarystructureelement
is defined as the number of base pairs (bp) it bridges in the mRNA alignment.
Notethatthelengthofsecondarystructureelementsislimitedby400bpowing
to the fixed window size used to analyse each mRNA alignment.
Figure 2. Conservedsecondary structure elements in the human ST7b mRNA,
effects of alignment randomization. This figure shows the predicted evolutio-
narily conserved secondary structure elements for the human ST7b gene, once
using the original mRNA alignment (lower right triangle) and once the rando-
mized mRNA alignment (upper left triangle) as input to RNA-Decoder. The
sequence positions of the mRNA are drawn along the x- and the y-axes,
indicating the coding positions in blue and the 30-UTR in red. Each predicted
basepaircorrespondstoatriangleconnectingthetwobase-pairedpositions.As
canbeseen,mostofthepredictedsecondarystructureelementsdisappearwhen
the mRNA alignment is randomized. The horizontal and vertical lines indicate
the boundary between the coding part of the mRNA and the 30-UTR.
6342 Nucleic Acids Research, 2005, Vol. 33, No. 19(ST7b)]. For about half of the columns that contain a repeat
(54.41%), only one species contains the repeat. However,
11.29% contain repeats in two species and the remaining
34.30% contain repeats in three species or more, i.e. the posi-
tion of repeats with respect to the gene structure is often
evolutionarily conserved (note that some of the species
could not be searched for repeats).
There isonly a single Alu repeatin the 50-UTRof the human
CAV2 gene, whereas Alu repeats are abundant on pre-mRNA
level, covering between 1 and 8% of the 11 human pre-mRNA
sequences. It is known that pairs of inverted Alu repeats can
be involved in A-to-I RNA editing on pre-mRNA level by
forming hairpin-like secondary structures that are bound by
the editing protein ADAR (41,42). Almost all Alu repeats are
containedinintrons inthe codingregionsorUTRs andarethus
removed during splicing.
Secondary structure strongly correlates
with sparse codons
The encoding of secondary structure in the protein-coding
regions of an RNA is facilitated by the degeneracy of the
genetic code. Codons that encode the same amino acid usually
differ in their third codon position. If the third codon position
of a codon is base-paired, it not only has to encode a certain
amino acid, but also has to be able to form the desired base
pair. These codons should thus show a biased distribution with
respect to the codon frequencies observed in large datasets of
protein-coding RNA.
To investigate this hypothesis, we calculate the sparseness
for each codon whose third codon position is predicted to be
base-paired and derive the average sparseness, see Materials
and Methods. We compare this average sparseness to the
average sparseness values that we obtain for 10000 sets of
randomlydrawncodons,andderive theP-values forourobser-
vations. As shown in Table 1, the observed average sparseness
for codons whose third position is predicted to be base-paired
is signiﬁcantly lower than that for randomly chosen codons,
thus conﬁrming our initial hypothesis. The measured sparse-
ness values are  3 standard deviations away from the average
sparseness values of the randomized sets.
Local secondary structures can hinder access
to the nominal start codon
For some genes, local secondary structure is bridging the
50-UTR and the coding region that may affect access to the
nominal start codon.
Figure 3. Suppressed secondary structure in coding region. This figure shows
part of the CAPZA2 alignment in the coding region, before (top) and after
(bottom) randomization. The original alignment is devoid of secondary struc-
ture,whereastherandomizedalignmentcontainsasmall,hairpin-likestructure
which mostly involves newly formed base pairs between codon positions 2
and 3. Newly formed base pairs are underlined in pink, altered base pairs in
greenand broken base pairs in yellow. Real and potentialbase-pairingpartners
are shown in upper case letters. The consensus base pairs for RNA molecules,
i.e. {G C, A U,G U}, correspond to {G C, A T, G T} on DNA level,as
depicted here. See Results for a detailed discussion.
Table 1. Real and random sparseness averages
i   s si
3-paired   s si
rand p
i
Green data set
1 0.10100 0.11488 ± 0.002921 <0.001
2 0.10650 0.11568 ± 0.003011 0.001
Green-e data set
1 0.05261 0.06602 ± 0.003076 <0.001
2 0.05421 0.06345 ± 0.003257 0.003
Thistableshowstheaveragevaluesfortherealsparseness,  s si
3-paired,aswellasthe
mean values of the average random sparseness,   s si
rand, for both evaluation
procedures i 2 {1, 2}, see Materials and Methods for the detailed definitions.
Thep
i-valuesestimatetheprobabilitythattheaveragesparsenessvalueislarger
than the one for randomly chosen codons.
Nucleic Acids Research, 2005, Vol. 33, No. 19 6343In the CAV1 gene, the nominal start codon is contained in
the loop region of a hairpin-like secondary structure element
(see Figure 5). The next ATG downstream of the nominal start
codon is an in-frame codon at amino acid position 32, which is
perfectly conserved in all species and is contained in a region
that is devoid of secondary structure. The mouse CAV1
mRNA is known to yield two protein isoforms, alpha- and
beta-caveolin 1, that derive from the use of two alternate start
sites ataminoacidposition1andposition32,andthatgenerate
at least two distinct subpopulations of caveolae which may
be differentially regulated by a speciﬁc caveolin-associated
serine kinase (43). The short beta-caveolin 1 variant has
also been observed in rat (GeneID: 25404; Refseq mRNA
id: NM_133651; Refseq protein id: NP_598412) (44).
The WNT2 gene is another example where secondary struc-
ture overlaps the nominal start codon. The nominal start codon
is located in a loop region of an extended secondary structure
bridging 110 bp in the human mRNA, making an ATG 29
amino acids downstream the next in-frame start codon (the
next out-of-frame start codon 75 bp downstream corresponds
to an ORF of only 16 amino acids). The nominal start codons
of the CAV2 and CORTBP2 genes are contained in the base-
paired region of local secondary structure bridging 46 bp
(human CAV2) and 65 bp (human CORTPB2). Similarly,
the nominal start codons of the human CAPZA2, GASZ
and CFTR genes are contained in smaller hairpin-like
structures. It remains to tested in experiments whether or
not these secondary structures play a functional role in gene
expression.
Statistical evidence that secondary structure is
required for the correct pre-mRNA splicing of the
human CFTR gene
Nonsense, missense and even synonymous mutations within
the exons of the human CFTR (cystic ﬁbrosis transmembrane
regulator) gene can induce skipping of the mutant exon during
pre-mRNA splicing, which may lead to a non-functional pro-
tein product (45–47). The residual level of the normal splicing
variant determines whether mutations result in severe cystic
ﬁbrosis or less severe phenotypes, such as male sterility.
Pagani et al. (35) extensively evaluated the contribution of
synonymous exonic mutations on the splicing efﬁciency of
CFTR exon 12. They ﬁnd that 25% of synonymous sites in
that exon do not evolve freely because they are constrained
by requirements which ensure correct splicing. However,
Pagani et al. do not determine the nature of the constraints
Figure 4. Sparseness distribution. This figure shows the distributionof sparse-
ness values for codons in the Green alignments whose third codon position is
predicted to be base-paired.
Figure 5. Secondary structure in CAV1. This figure shows part of the CAV1 alignment around the nominal start codon (orange column on the left). Columns
containedinsecondarystructureelementsareshowninyellow,50-UTRcolumnsareunderlinedinblueandcolumnsinthecodingregioningreen.Thealternatestart
codon(orangecolumnsontheright)thathasbeenshowntogiverisetotheshorterproteinvariant(beta-caveolin1)inmouseandrat(43,44)isperfectlyconservedin
allspeciesandiscontainedinaregiondevoidofanyconservedsecondarystructure.Thelastlineinthealignmentdetailsthepredictedsecondarystructureelementsin
bracketnotation.Thelastbutonelineofthealignmentcontainstheannotationforeachcolumnofthealignment(5,50-UTR;1,firstcodonposition;2,secondcodon
position; and 3, third codon position).
6344 Nucleic Acids Research, 2005, Vol. 33, No. 19required for correct splicing or the mechanisms that lead to
exon skipping.
Pre-mRNA splicing is a complex process that involves
a variety of carefully orchestrated reactions. There exists
experimental evidence that some pre-mRNA sequences of
S.cerevisiae form secondary structure elements which are cap-
able of promoting splicing (48), but there is no comparable
evidence for human systems.
We analysed the wild-type and all mutated versions of the
human CFTR exon 12 and its neighbouring introns with RNA-
Decoder, in order to investigate whether secondary structure
plays a role in determining if the exon can be correctly spliced.
For every wild-type and mutated version of the human
CFTR exon 12, we prepared on input alignment for RNA-
Decoder, resulting in 30 alignments. Each alignment has a
length of 687 bp, contains the sequences of 19 species (includ-
ing the human one) and comprises exon 12 as well as a stretch
of 300 bp intron alignment on either side of the exon. The
mutated alignments were generated by manually altering
every sequence in the alignment in the same way as the
human sequence. Each alignment was then analysed with
RNA-Decoder in one go, i.e. without partitioning the align-
ment into shorter fragments.
The 30 resulting predicted structures (one for each align-
ment) were projected onto the human sequence. These human
structures were then clustered in a two-step process. We ﬁrst
determined the pairwise distances between the secondary
structures using RNAforester (49) and then calculated a
neighbour-joining tree (50), (see Figure 6).
We ordered the predicted secondary structures according to
their distance from the wild-type structure. The distribution
of distances does not follow a normal distribution (data not
shown). We, therefore, performed a one-tailedMann–Whitney
test in order to test whether secondary structures of sequences
with low-splicing efﬁciencies are signiﬁcantly different
from the wild-type secondary structure. Since it is a priori
not clear where the threshold between ‘high’ and ‘low’ spli-
cing efﬁciencies should be placed, we performed two tests.
In the ﬁrst case, we use a threshold value of 20%. This results
in two clusters, one containing 23 members with high
efﬁciencies and the other containing 7 members with low
efﬁciencies. We calculate an U-value of 117.5, which is mar-
ginally signiﬁcant with a P-value of 0.035. In the second case,
we cluster structures with an efﬁciency higher than 70% into
one group having 20 members and those with an efﬁciency
lower than 30% into another group having 8 members. This
clustering yields an U-value of 103 which is not signiﬁcant
with a P-value of 0.129.
These results provide some explanation of the experiment-
ally determined splicing efﬁciencies. Our main ﬁnding is that
secondary structureshavinghigh-splicingefﬁciencies are mar-
ginally different from those having low-splicing efﬁciencies.
As the ‘mutated’ alignments were generated by replacing an
entire column in the alignment with the nucleotide of the
corresponding mutated human sequence, we have introduced
some artiﬁcial conservation in the alignment which may
decrease the predictive power of RNA-Decoder. The above
results may thus have a lower than necessary statistical
signiﬁcance.
The predicted secondary structure for the wild-type
sequence (see Figure 7) brings the two splice sites of the
exon into close spatial proximity, which may aid the recog-
nition of the splice sites by the spliceosome.
Two secondary structures with low-splicing efﬁciencies
(25_A and 40_C) are the same as the wild-type structure.
The two corresponding mutations both overlap a region of
the pre-mRNA which is predicted to be single-stranded and
which may be bound by a protein in a sequence-speciﬁc way.
This suggests that some nucleotides in the exon may be as
important for correct splicing as the formation of the correct
secondary structure. The experimental ﬁnding that exon posi-
tions 28 and 29 play an important role in determining the
splicing efﬁciencies (35) supports this hypothesis, as these
positions are contained in the same predicted hairpin loop
as position 25.
DISCUSSION
We predict and study, for the ﬁrst time, evolutionarily con-
served, local RNA secondary structure in the mRNA
sequences of 11 protein-coding human genes. This is
done by analysing mRNA alignments comprising overall 37
o
o
o
+
+
o
o
o
o
+
Figure 6. Clusteringofsecondarystructuresforthewild-typeandmutatedversionsofCFTRexon12.Thisneighbour-joiningtreeshowstheclusteringofpredicted
secondarystructuresforthewild-typeand29mutatedversionsofCFTRexon12.ThedistancesbetweenthesecondarystructureswerecalculatedusingRNAforester.
Open squares denote secondary structures with a splicing efficiency over 80%, crosses those with an efficiency between 20 and 80% and circles those with an
efficiency of <20%.
Nucleic Acids Research, 2005, Vol. 33, No. 19 6345vertebra species in a comparative way using RNA-Decoder.
This program predicts evolutionarily conserved global or local
secondary structures by analysing the conservation pattern in
the input alignment and by taking the known protein-coding
regions of the input alignment explicitly into account. The
latter feature has been shown to be essential (30) for reliably
detecting secondary structure in coding regions, i.e. in regions
ofthe alignment where two different evolutionarilyconstraints
play a role.
We ﬁnd well-deﬁned, conserved RNA secondary structure
elements in the coding regions of human mRNA sequences
and investigate the signiﬁcance of these structures by random-
izing the mRNA alignments. This randomization destroys
almost all of the secondary structures, conﬁrming the signi-
ﬁcance of the predicted structures in the original alignments.
The randomization also gives rise to few new, predominantly
short secondary structure elements in part of the coding
regions, where the choice of codon in the original alignments
prevents the formation of secondary structures. This implies
that parts of the coding regions are codon-biased in order to
prevent secondary structure formation. We investigate the
codons that are engaged in secondary structure formation
and ﬁnd that they signiﬁcantly correlate with rare codons
and that often overlap repetitive elements. For one of the
eleven genes that we analyse, CAV1, the same mRNA is
known to give rise to two protein variants in the mouse and
rat (43,44), along protein(alpha-caveolin 1)whenthe nominal
start codon is used and short protein (beta-caveolin 1) when
an alternative start codon at amino acid position 32 is used.
These experimental ﬁndings are in line with our theoretical
prediction that a conserved secondary structure element over-
laps the nominal start codon, hindering access to the nominal
start codon and making the next start codon downstream
(which does not overlap secondary structure) the functional
start codon. Thus, our predictions not only complement the
experimental work,butalsoproposeapotentialmechanismfor
the regulation of gene expression.
Previous studies of mRNA sequences have so far only
estimated the potential of mRNA sequences to form global
or local structures, but have not studied the secondary struc-
tures themselves. These studies are entirely based on the pre-
dicted free energies of global (26,27) or local (28) mfe
structures and rely on a number of assumptions. First and
foremost, they assume that the mfe structure is the secondary
structure that is realized in the cell. This is very unlikely to be
true as the mRNA molecule (i) does not have time to reach the
thermodynamic equilibrium and thus to assume the mfe struc-
ture (51); (ii) is likely to be bound by the ribosome, proteins or
other RNA molecules (52) that may alter the mfe structure;
(iii) does not assume one single structure with probability one
(53); and (iv) can furthermore be inﬂuenced by the subtle
effects of co-transcriptional secondary structure formation
that not only affect the transcripts of RNA genes (54,55), but
may also have an effect on the transcripts of eukaryotic,
protein-coding genes. Second, the deviation between the
mfe of the original sequence and a randomized version of
that sequence is assumed to be a good indicator for the poten-
tialtoformsecondary structure.However,it isknown(34) that
the quality of the mfe structure prediction decreases with
increasing sequence length. We, thus, have to expect a rather
poorperformance when investigating the globalmfe structures
of mRNA sequences. It is also known that the deviation
between the mfe of the original sequence and a randomized
version of that sequence is an unreliable indicator for local
secondary structure in protein-coding regions (30). Third and
last, the studies base their conclusions on properties that are
directly derived from the predicted mfe structures (such as the
free energy), but—on the other hand—do not study the struc-
tures themselves.
As we are currently not capable of simulating the numerous
and complex structure deﬁning and altering effects that an
mRNA sequence encounters in the living cell, we only aim
to identify secondary structure elements that have been con-
served during evolution and that are therefore likely to play a
functional role. We, therefore, employ a comparative method
that analyses a given input alignment of related mRNA
sequences. As we base this alignment on the known encoded
amino acid sequences, we expect the alignment to correspond
to the correct, structural alignment, at least in the coding
regions. The method that we employ, RNA-Decoder, is imple-
mented as a stochastic context free grammar that depends on
probabilities rather than thermodynamic parameters such as
free energies. It predicts secondary structures based on the
pattern of conservation in the alignment and the known
protein-coding context of each column in the alignment. It
does not force each input alignment to assume a global sec-
ondary structure, but is also capable of modelling secondary
structure elements that are separated bynon-structural regions.
One considerable disadvantage of our approach is that it
requires a sufﬁciently large and evolutionarily diverse set of
related sequences.
Repeat sequences are rarely observed in coding sequences
as their insertion can cause frame shifts, give rise to in-frame
25 
  28 
  29 
40 
Figure 7. Predicted, conserved structure for the wild-type version of CFTR
exon 12. This is the predicted, conserved secondary structure for the wild-type
version of CFTR exon 12. The sequence of exon 12 is highlighted with a thick
black line. The exon positions indicated in the plot correspond to the same
numberingschemeusedinPaganietal.,startingwith1atthemost50 positionof
exon 12.
6346 Nucleic Acids Research, 2005, Vol. 33, No. 19stop codons or simply alter the encoded amino acids in a way
which leads to a mal-functional protein. The strong correlation
that we observe between secondary structure elements and
repeat elements in coding regions may imply that repeat ele-
ments can be tolerated in coding regions if they serve a role in
the formation of functional secondary structure.
Secondary structure elements in mRNAs can play a number
of functional roles, in addition to the ones that we described
in Introduction, for example, in regulating translation speed. It
is already well known that the speed of translation is regulated
by codon usage: frequent codons are used to encode alpha
helices, which form quickly, whereas rare codons are fre-
quently used to encode beta sheets and coils, whose proper
formation needs more time (56–58). Artiﬁcial engineering of
synonymous codons can signiﬁcantly increase the expression
level of protein products (59). Codon usage may also play a
roleinsignalpeptiderecognition (60).The speedoftranslation
depends not only on the concentration of tRNA molecules and
amino acids, but also on the secondary structure of the mRNA
sequences. Based on basic chemical reaction theory, the half-
time of local secondary structures in coding region depends on
the concentration of tRNA sequences, and the most efﬁcient
regulation can be achieved by the use of rare codons. This is
one possible explanation for our observation that rare codons
are preferred in local mRNA structures.
We complement our results on mRNA level by an invest-
igation of the human CFTR gene on pre-mRNA level in order
to determine whether secondary structure elements are
required for correct pre-mRNA splicing. We study the wild-
type version of the human CFTR gene as well as 29 variants
with synonymous mutations in exon 12. We compare our
predicted secondary structures to the experimentally determ-
ined splicing efﬁciencies and ﬁnd that pre-mRNAs with
high-splicing efﬁciencies have different predicted secondary
structures than pre-mRNAs with low-splicing efﬁciencies.
This result is marginally signiﬁcant with a P-value of
0.035. We also identify several nucleotide positions in the
exon that fall into a predicted hairpin loop and which may
need to be bound in a sequence-speciﬁc way in order to ensure
correct splicing.
Overall, this constitutes the ﬁrst, albeit weak, statistical
evidence that exon mutations can alter secondary structure
elements around splice sites and that secondary structure
elements are required for the correct splicing of the human
CFTR gene.
Our aim was to show that theoretical investigations of
evolutionarily conserved secondary structure elements can
enhance our understanding of gene regulation on mRNA
and pre-mRNA level and we hope to inspire future collabora-
tions between experimentalists and theoreticians. All pre-
dicted secondary structures can be downloaded from www.
ebi.ac.uk/~meyer/RNA_regulation.
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